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Abstract

This paper applies a new quality measurement methgyg to measure the quality of the postgraduatesas. The
methodology we propose is the Academic Quality Meament (AQM). The model is applied to several dated data sets
where we know the true value of the parameter©i®@fmbodel. A nonparametric model, based in Nearegjt¥ours combined
with Restricted Least Squared methods, is develapedhich students evaluate the overall acadenogramme quality and a set
of dimensions or attributes that determine thisliguaThe database comes from a Spanish Public &fsity post graduate
programme. Among the most important conclusion ayetee methodology presented in this work has dlieviing advantages:
Knowledge of the attribute weights allow the ordgriof the attributes according to their relativepértance to the student,
showing the key factors for improving quality. Seatl weights can be related to student charactist make market
segmentation directly linked to quality objectivé$e relative strengths and weaknesses of thecgefhigh educations) can be
determined by comparing the mean value of thebattigs of the service to the values of other congsafBenchmark process or
SWOT analysis).

Keywords. Quality Measurement, Postgraduate Programmeparametric Model.
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ACADEMIC QUALITY MEASUREMENT: A MULTIVARIATE APPROACH

1. Introduction

Quality service has come to be recognized a siategl for attaining operational efficiency andpmved
business performance (Hendrick et al, 2001; Se#fishbwukh and Vrat, 2005). Several authors have sieclithe
importance of quality to service firms (Cook Golda@hung, 1999; Normann, 1984; Horovitz, 2001; Rassan,
2002) and have demonstrated its strong relationstipprofits, increased market share, return atedtment (ROI),
customer satisfaction, and future purchase intastig\nderson, Fornell and Lehmann 1994; Bouldinglet1993;
Buzzell and Gale, 1987; Rust and Oliver, 1994; atust al, 2001). One direct conclusion of theseéistuis those
firms with superior quality outperform those markgtinferior quality (Zemke, 1999; Gustafsson et24l03; ASCI,
2008).

The assessments of the higher education, as antenpservice from the point of view of the goveents
and citizens and since there resource’s shortag@s,importance. Higher education is passing thncaigperiod of
re-organization and re-establishment of new priesip According to Bologna Accord thEuropean Higher
Education AreaEHEA) was created “by making academic degreedstats and quality assurance standards more
comparable and compatible throughout Europe” aedotiblication ofTuning Educational Structures in Europa
Spain theNational Quality and Accreditation Evaluation Aggn€ANECA have developed different ways to
improve the quality of the education.
As we can see, both at European and National lethedsissue of educational services quality is ghdiforward,
taking into consideration the fact that universitiege approached as socio-economical entities wdhijgctive is the
survival in a competitive environment Quality tobkscome a good option in this situation.

The attention being devoted to the measurementeaatliation of the quality of postgraduate programs,
particularly of Masters programs, and of studestisfaction with these programs, is quite a nest fBubas,
Ghani and Strong, 1998; Marks, 2001; Martin andyBi®97; Colbert, Levary and Shaner, 2000]. As lggtheric
Masters Programs and more specialized programs gsaavproportion of such programs in the educatiarket, it
has become increasingly important that they aréuated for quality (Lado, Cardone and Rivera, 2003)

Masters programs must meet the demands of botlerssidnd the companies that employ graduates of the
programs (stakeholders). Education and trainingsargices provided to the student. Therefore, theress of a
program will depend on a large extent to its markeééntation and on the quality and degree of fation
experienced by the student. Marketing researchuatity of service and customer satisfaction is ey useful in
this context.

There are research studies that prove the apgiigadifi

» factor analysis techniques for analyzing the maiives of university students [Juric, Tood and Henry
1997];

« cluster analysis to analyze student profiles [8talff 1994];

- multidimensional scales for evaluating performaimca faculty [Herche and Swenson, 1991];

« conjoint analysis to design the course offering jBsi and Strong, 1993]; analyses of repositioning of
universities and of their Masters programs [Goldgahd Kane, 1997; Comm and LaBay, 1996].
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A dominant trend in education is based on the ithed students and their potential employers may be
treated as market segments with expectations thatagors must strive to know and satisfactorily triéaderson,
Summey and Summey, 1991; Kotler and Fox, 1997; &glhevary and Shaner, 2000].

The interest in quality in high education (badical university) is not new (Pefia 1997). In thstlgears, as
a reflection of the growing importance of quality the corporate world and in academic researctpocate and
academic concepts and methods have been extendbd fmublic sector and university education. Experital
programs to encourage quality in university teaghane being advocated in the European Union (EHBAY in
Spain the Ministry of Education and Science (ANEQ®®&}s promoted a program that is now in effect. Aditg to
Pefa, these initiatives are based on the hypothiesigshe perspective and methods of quality imenoent in the
business world are applicable to university teaghin

Having defined above the concept of the studecuatomer in order to measure its qualities, wetmag/
consider the concept of product/service in univgrstucation. According to theuropean Foundation for Quality
Managemen{EFQM), the product is defined in terms of valgeled to the student’s knowledge, skills and peisona
development. As with the corporation, the qualifyttee product is linked to the quality of the inthysprocess.
Therefore, assessing the quality of the produteathing entails analyzing the quality of the ediooal processes
and identifying its key elements. The quality of flaculty is a particularly important key factorBarnett's (1992)
proposed integrative model.

Student satisfaction is generally measured byodarisurveys. While the use of surveys as instrusfon
measuring student evaluation of teaching has grisnto some controversy, [Simpson and Siguaw, P8B06ws
they are systematically used by 98% of universkied 99% of business schools in the United Statesse authors
report that teachers have perceived certain weakseim the surveys and have developed differenttipes to
influence these evaluations. Therefore, it is inguur to have and use complementary evaluative uments.
Authors such as Murphy (1999) propose independegitiation. The institutions that use this methotegate the
task of making unannounced observation visits dssgs to another teacher at the same level.

Despite the criticism levelled at the survey systéts utility as a measuring tool is widely recogsd
[Greenwald, 1997; McKeachie, 1997; Cashin and Dgwi®92; Guolla, 1999]. A review of the most widelyed
questionnaires can be found in Guolla (1999). Asien of the literature on student evaluation afcteers can be
found in Marsh (1987, 1993, 1994).

This paper is organized as follows: Chapter 2 gatssa methodology in which the weights are esthat
from the observed relationship between the studeewaluations of overall quality and the evaluaiari the
attributes by a nonparametric procedure. Also, sarimes computer results and discusses the probieiths
previous approaches to estimate the weights imjtiadity service measurement. Chapter 3 descrilsaplication
of the methodology presented for measuring theityual postgraduate education in a Spanish Publitvé&rsity.
Finally, Chapter 4 presents the main conclusiodsdistusses avenues to future research.

1.1. Notation and Problem Definition

Suppose that we have a population of students. @dpulation includes our current students, acdutd also
include future or potential students and formedetits. We assume that the size of the studentiggtiom, N , is large.
Let us caIIQi to the perceived quality of a given service byithe student from this population. The student compares
his expectations towards a certain service witlpéiceived performance (see Parasuraman et aB, 1981, 1994a,
1994b; Zeithaml et al., 1990). The judgment of ity& built up on the basis of this theoreticahstyuct. Good service

quality evaluation develops when perceptions exceetde equal to expectations. Consequently, nagsbaches try to
measure this gap directly (Liljander and Strandif93).

On the other hand, the models explaining qualisg the concept of importance (Huttenrauch 1994,
Behrens, Schneider and Weisberg 1978). The stutietmines all characteristics he expects the igealice to
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receive. Because not all of them are equally ingdrthe weighs the importance of each. He buildsquiality
judgment on his perception of each characteristittiplied with its specific significance. Summing all evaluated
criteria gives the total quality score (ISO 2638Q09).

In the literature, it is common to assume thatletis evaluation will be a function of severatilatites
X,,..., X, which determine the global evaluation of the servLet us callX,..., X, to the evaluations of these

attributes made by thig,, student. Then,
Q= f( Xy %) (1.1)
Notice, thats is common to all the students.

A linear quality indicator (Behrens, Schneider af@isberg 1978) assume that the function (1.1) man
approximated by

Q :iwj X; - (1.2)

where the coefﬁcientyvj are weights, so that they must be positive anglrtgst add up to one:

w. =0 Oj w3
1.3

These weights can be considered as measures oélétige importance of attributeX i in determining the
evaluation of the quality of the service for akt tudents.

In our approach, we design a specific quality fiorctfor each student and to calculate the impodathat each
student assigns to each quality attribute of tlealamic programme.

Thus, we define

Q= ( Xy X ) (1.4)
Notice, thats, is specific for each student. This is the main emdial difference with classical models

As a consequence, we can calculate a linear appatan of ¢ given by
Q=D WX, (1.5)

where the coef‘ﬁcient!ir\/ij are specific and individual weights for each shigdeo:

w20 00,0 (1.6)

i

K
w; =1 i
j=1
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It is important to remark that, in the classicapmach we hadk weights, that is,W, yeo oy W . With our
approach we hava X K, that is,K weights per student.

In this article, part of our effort is dedicatem gresent and develop a methodology to calculaendights
considering that different students may have difieweights for the attributes.

1.2. Methods to Determine the Weights. Classicalobls

Several methods of measuring service quality Heen developed and discussed over the last fevs.year
Reviewing the service quality literature, most loégte models work with expectations (see Parasuramah, 1988,
1991, 1994a, 1994b; Zeithaml, 1988).

Expectations are already integrated in the evaluaif the perceptions. When a student judges tainer
characteristic to be good, he/she expresses thatcé#eds either his/her predictive or his/her senéxpectations.
However, the student often has only a vague ideatahe latter. For this reason, the measuremeekudctation had
been rejected. Instead, it is common to work withgerceptions and the importance of the attributes

We assume a linear quality indicator from the fiomc(1.6) and we assume that the weigm]s used by the

Iy student for thej,,, attribute are independent of the evaluation madthis student for this attributeX;; . The

justification of this assumption is that the evéilwa of an attribute represents how the level ofise in this attribute
compares to an ideal or standard performance.nsStarice, suppose that the service is a restaurtr@ aniversity and
the attribute is the speed of the service meadoyetthe time the student has to wait to receiveohiter. Then, the
evaluation of the waiting time depends on previexgeriences of the student on similar situatiords wsifl normally
depend on the type of restaurant. We assume thatvtiluation of this attribute in a particular aeséant is independent
from the importance that the speed in the senasarhis judgment of the quality of the service.

We define the service quality as the expectedevaflQ. in the student's population

N

2Q
Q N (1.7)

The service quality can readily be obtained freuations (1.7) by using the independence of thiablas W

and Xij . Then this global measure of service quality tdlgiven by:
< £ 1.8
QzZE[Wu'] E[Xu]zzwjmi' (1.8)
j=1 j=1

where we have caIIetlinj to the average evaluation of attribujgH in the population, and/vj is the mean of the
distribution of the weight of this attribute in thepulation.

The estimation of service quality can be obtaiinech (1.7), by taking the average of the evaluatimvided by
a sample of students, or by (1.8), by estimatirgrtiean weights of each attribute in the populadiot the average of
the evaluations for the attributes. Although batbcpdures must lead to the same final number, ubktyjindex model
(1.8) provides a decomposition of the sources@gtrvice quality with the following advantages:



UNIVERSIDAD

(1) A quality index allows comparing the average vaifiehe attributes of our service to the values tbeo
companies and can reveal our relative strengthsvaalinesses in a SWOT analysis.

(2) Knowing the attribute weights allows the orderirighe attributes according to their relative impoxte to
the student, showing the key factors in order forove quality.

(3) Students can be segmented by their weighting famctibtaining a market segmentation function diyect
linked to our quality objectives.

(4) If the attributes can be related to some objeatineasures of performance it is possible to substitus
subjective evaluations of the attributes by obyectineasurements, allowing a simple monitoring ef th
quality index.

The objective of many quality evaluations is toléhua quality index (scalar measure) to summarize th
performance of the service. Reduction of all thmetisions of an evaluation to a single number caaubgect to
many criticisms. However, the presence of one gumldex is required for decision making.

The operational definition of service quality mreted has some limitations. First, we may haveaa gervice
quality on average, but a very bad service quiditgome groups of students. This may happen eithero ways:

« Because some segments of the students have aiffergrd weighting function for the quality attritas, we
call this situation “implicated population”,
« Because they have a different evaluation of thibbates, we call this situation “explicated popidat.

These two situations should be identified becauwsecan provide a better service if we identify t@us of
students with different values or opinions aboudlitys Then, it is more informative to measure ganquality in these
different populations.

It must be remembered that the mean is only a desdriptive measure when we have an homogenemysesa
and that it can be non representative when thecdatas from a mixture of very different populations

1.3. Evaluation of the Weights

For indirect evaluation of the attributes and thelity from a sample of experts from some poputatid
experts, members of a representative sample. Tights@re obtained by statistical analysis.

There are two ways to do so:

a) Fix the values of the attributes and ask foloha evaluation (value of Q). Then fit a linear ¢eband
determine the weights. This is conjoint analysisl #hen we can use fractional factorials to build a
model and estimate the weights (Gustafsson, 2007).

b) To evaluate both the attributes and the glokdiopmance (or global quality) and then use severahr
regression methods to build a model and estimatevéights (i.e. Generalized Least Squared Method).
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2. Proposed Methodology
In order to deploy this quality model we need:

e The complete list of attributes.
*  The weights.

The most important part is to obtain the weighésdnise we can always write a long list of attribitet some of them
may have weights equal to zero.

Initial hypothesis:

HH1: There is exists a functiofy | f,(X)=Q for eachi.

Then, our model is IocaIvaiTx =Q, becausa/\/iT X is a linear approximation ofi . So, we can define the matrix

Wip o W
W=[w,..w =]

w

nl nK

Definition 1: € -reasonable neighbours
Given an elemeniX we will say thaty is an & -reasonable neighbour i [] B(X,E), where& denotes the size of
the neighbourhood (Silverman 1986)

Definition 2: Matrix of reasonable neighbours
Given an elementX we will define| & -reasonable neighbours, that)é(l) ,...,X(l) . Where (1),...,(|) is an

appropriate rearrangement of tkeindexes in the se{ﬂ,...,n} and| = k. Then, we will defineX' and Qi as:

X Xig oo Xy Q
Xiz Xo || Kan - = Ko Q= Qu
Xoy ] [Row - = Ko Q)

Remark:
Notice that we may buil& -reasonable neighbours not in the sample. Fomiostajiven an elemedt , if |f| < &,the

elementX + &€ is an € -reasonable neighbours.

Our aims is to estimate each component of the xnd¢ti with the matrix
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R Wll Wlk
W =[W,,...W | = R

Wnl ”' WnK

The following algorithm describes in detalil howdiotain W

Algorithm to estimatd/V!

For each studerit=1,...,n

Step 1.
Calculate its] & -reasonable neighbours, that)k(l) ,...,X(l) :

Step 2.
Build X' andQ':
Step 3.

Solve possible numerical redundancies in the mekM>i(|QiJ.

Step 4.
Estimate the vectomw, as W, = [\Tvil,\fviz,...,\fvik] , solving the systemsX'W, = Q' using a least
squares method with linear constraints.

Figure 2.1. Algorithm to estimaﬁqj

The proposed methodology presents several advantagpect to the “classical tools”:

Al: We can use parallel computation to solve the lisgatems in the step 4 (Kepner 2009).

A2: When the decision maker needs a single index,larst@&asure to summarize the performance, we damede
n

w, = — 2.1)

That reduction of all dimensions of an evaluatioratsingle number can be subject to many criticisowever, it
may be required for decision making. It is an alé¢ive use of the estimation of the weights angrdvides an
equivalent result to the one obtained using “ctadshnethods”.

A3: We have estimated each compon&ﬁlht. Now, we can use any kind of multivariate methodiétermine new
groups of students, such us a posterior studentesggtion, and then to prepare inferences about it.
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A4: We can work, then, directly with weights that eatiident assigns to each quality attribute. In faetdon’t accept
the mean of the weights as a good representatiimatsr. It must be remembered that the mean ig angjood
descriptive measure when we have a homogeneoudesamgp that it can be very non representative whendata
comes from a mixture of very different populatiafistudents.

A5: We estimate the weights that each student assigeach quality attribute with the information obed from its
similar students. We choose the set of “similagitiBased on the nearest neighbourhood estimate.

A6: We define a vector of weights for each studentiefoee we are implicitly defining the importancergm by the
student to each quality attribute. Notice that vimgkwith these weights as data we may define néatioas among
the data.
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3. Computational Experiments

In this chapter, we present the results of apphi@M to measure the quality of several simulateth dets
where we know the true value of the parameterb®itodel. Also, we present the results to measerguaality of
the postgraduate courses of a public Spanish Wsityer

AQM has demonstrated to be able to treat these é&frthta. AQM permits to design a specific quality
function for each student and to calculate the ingmze that each student assigns to each quatitpuae of the
academic programme.

3.1. Simulated Data Sets

We have experimentally evaluated several simulateainples. In this section we present the results of
applying the AQM methodology to a simulated dates ¢Briscoll, 2009; Van Loan, 2010), obtaining the®M
provides better performance than the existing nustogies (Hayes, 1998; Bober, 2009).

The comparison have been done using the mean dqicaetrar:

$[S-wk|

MCE = L= vi=1..n, j=1..k

nxk

where:
W; : true weight of studenit,, in the attribute ], .

W; : estimated weight of studenf, in the attribute |, .

We have generated data with the following charesties:

- Four different groups providing completely differeanswers, population 1 and population 2, popuia8oand
population 4,

- One thousand students, two hundred and fifty stedereach population,
- Five quality dimensions or attributes,

- Variables scale from 0 to 100, with one decimahpoi

- Every student in the population 1 assigns appraxéiiyahe following weights:w,; =0.2, W,,=0.2, W,,=0.2,
W, ,=0.2, W,;=0.2.

- Every student in the population 2 assigns appraeipahe following weights:W,, =0.3, W,,=0.4, W,,=0,
W,,=0.1, W, =0.2.

10
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- Every student in the population 3 assigns appraiypahe following weights:W;, =0, W,,=0.2, W,,=0.3,
W, =0, W, =0.5.

- Every student in the population 4 assigns appraeiyahe following weights:wW,, =0.5, W,,=0, W,,=0.4,
w,,=0.1, W, =0.

Using a traditional least squares method, we camate the following weights:
W, =0.2444,W, =0.2906, W, =0.1861, W, =0.1642, W, =0.1147

with MCE=0,3

Our method, AQM, using a weighted Minkowsky mettitd adaptive neighbourhood size, estimates thewoily
weights:

Wll W12 Wl3 W14 W15
Mean 0223 | 0197 | 0261] _ 0196 0123
Median 0207 | 0202 | 0214 0198 0197
Mode 0200 | 0200 | 0.200] _ 0.200] __ 0.200

Table 3.1. Estimated Weights for population 1 63\

W21 W22 W23 W24 W25
Mean 0304 | 0426 | 00601 01129  0.09]
Median 0305 | 0.402 0.000 0.105 0.20d
Mode 0300 | 0.400 0.000 0.100 0.204

Table 3.2. Estimated Weights for population 2 [63VA

W31 W32 W33 W34 W35
Mean 0.062 0.212 0.302 0.045 0.379
Median 0.000 0.207 0.296 0.000 0.474
Mode 0.000 0.200 0.300 0.000 0.500

Table 3.3. Estimated Weights for population 3 l6yVA

W4l W42 W43 W44 W45
Mean 0492 | 0024 | 0415 0035 __ 0.044
Median 0494 | 0000 | 0411] 0097 0004
Mode 0500 | 0000 | 0.400|  0.100] _ 0.000

Table 3.4. Estimated Weights for population 4 [6yVA

MCE =10°

Notice that AQM estimates accurately the weightsach population, leading 1dCE =10°. Notice that if we average
the weights estimated by AQM, the results is sintidethat obtained by the classical method.
In the following figure you can find the estimatiohthe weights.

11



UNIVERSIDAD N

0 0
0 01 02 03 04 05 111 02 03 04 05 0 01 02 03 14 05
wl w2 Wi

il (18] C 03 111 02 03 04 06
w6

Figure 3.1. Estimated Weights by AQM

3.2. Areal case

We have used a real data set collected from twigpaduate programs in a business school. We haa us
those data to find the weights that students agsiggvery dimension of the “service” (Bayo 2003ur@im is to
show that AQM is able to treat this kind of data.

Sample
The data were obtained from surveys conducted ftioen Masters programs developed by the Department of

Business Administration of a Spanish Public Uniitgrdnformation was gathered from questionnairesatl the

subjects taught and all the teachers who taughsubgects. Data from a survey carried out from 203008, the
unit of analysis was students of a Master of BusnAdministration (Spanish language version andlimg
language version). A total of 5769 questionnaireerewadministered, and the number of valid questioes

received was 4372. The questionnaires consideld@iwhere those in which the respondent had ansivalteof the

questions of interest, yielding a full set of vhles used in the subsequent analysis (Derek, 2B0€xjtt, 2001,

Johnson, 2002; Chambers, 2005).

Data from survey have been classified by yearmdemd type of the subjects:
— Years: from 2003 to 2008.
- Terms: T1, T2y T3.
— Subject types: 2, 1 and 0; qualitative, quanti&atind mixed subject, respectively.

In the following tables we can see the evolutiomeakived questionnaires since 2003 until 2008&rségd by years and
academic year terms.

Year Tl T2 T3 Total
2003-04 | 537 537 672 1746
2004-05 | 484 398 482 1364
2005-06 | 213 225 265 703
2006-07 | 146 376 371 893
2007-08 | 289 370 404 1063

Total 1669 1906 2194 | 5769

Table 3.5 Evolution of received questionnaires

The trend of the evolution of received questiorewiin general, is negative.

Survey Instrument
The definitive questionnaire contained 12 questithasallowed us to measure the aspects detailed/be

12
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P1. Interest: refers to the student’s interegténsubject.

P2. Integration: integration degree of the subijette master.

P3. Satisfaction with teacher: overall studensgadtion with the teacher.

P4. Clarity: the teacher teaches clearly.

P5. Punctuality: the teacher is on time.

P6. Prom Participation: the teacher promotes fyaation in class.

P7. Bibliography: the usefulness and interest ef#adings and recommended bibliography.
P8. Utility: the usefulness of the teaching asstgpeactice lessons.

P9. Satisfaction Assistant: overall student satigfa with the teaching assistant.
P10. Equilibrium: comparison between practice aastand theory contents.
P11. Output Level: Output level reached in the esttbj

P12. Input Level: Input level previous to the sabje

All measures were registered on a 5-point Likestesaanging from “strongly disagree” to “stronglgree.”
3.2.1  Preliminary results
In the following tables we can see descriptive aggted results. Table 3.5 shows results by questibable 3.6

shows results by questions and subject type:

Mean Mode Median

P1 3,95 5 4
P2 3,91 5 4
P3 3,69 4 4
P4 3,60 4 4
P5 4,25 5 5
P6 3,66 5 4
P7 3,43 4 4
P8 3,45 4 4
P9 3,20 4 4
P10 3,37 3 3
P11 3,52 4 4
P12 3,12 4 3

Table 3.5 Descriptive statistics for aggregateulite

Globally speaking, P5 Punctuality, has obtainediibst result (maximum possible mode and mediannageth over
than 4.2 points).

0 1 2
P1 Mean 4,15 4,05 4,22
Median 4 4 4
P2 Mean 4,08 4,02 4,22
Median 4 4 4
P3 Mean 391 383 4,0
Median 4 4 4
P4 Mean 381 3,69 3,94
Median 4 4 4
P5 Mean 4,47 445 4,42
Median 5 5 5
P6 Mean 3,83 3,76 4,03
Median 4 4 4

13
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P7 Mean 3,70 365 3,79
Median 4 4 4
P8 Mean 3,77 3,71 3,94
Median 4 4 4
P9 Mean 3,84 369 391
Median 4 4 4
P10 Mean 3,69 361 3,69
Median 4 4 4
P11  Mean 3,78 3,66 3,88
Median 4 4 4
P12 Mean 340 328 354
Median 4 3 4

Table 3.6 Descriptive statistics for aggregateslits, by type subjects

Globally speaking, for results by subject type, RBctuality, has obtained the best result (maxinpossible mode
and median and mean over than 4.4 points).

In the following table we can see aggregated redwltoptions of théikert scale

0 1 2 3 4 5
PL  37% 22% 40% 152% 353% 39,7%
P2 42% 1,7% 43%  16,1% 358% 37,8%
P3  44% 34% 69% 200% 340% 31,2%
P4 44%  47% 90%  206% 30,9%  30,3%
P5  46% 09% 27%  89%  230% 59,9%
P6  47% 36% 74% 209% 31,7% 31,7%
P7  71% 31% 92%  245% 33,1% 23,0%
P8  86% 42% 80% 196% 31,9% 27,7%
P9 149% 43% 68%  190% 30,1%  24,9%
P10 69% 40% 51% 37,6% 22,1% 242%
P11 52% 30% 66% 243% 41,7% 192%
P12 6,0% 81% 125% 283% 31,3%  13,8%
Table 3.7 Descriptive percentages for aggregatadtse

Globally speaking, for results by options of théert scale P5 Punctuality, have obtained the best result
(approximately 60% of the questionnaires with maximpossible opinion).

Hierarchical cluster analysis
We have done a correlation analysis and a hiergatbiuster analysis by variables.

In the following figure we can see the dendrogramaiggregated data:
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Figure 3.2 Dendrogram for aggregated data

The dendrogram shows strong similarity between:

e P4-P5

P4Clarity and P3Punctualityof the teacher.
e P1-P2

P1linterestin the subject and ARtegration degre®f the subject in the master.
« P9-P10

P9 Satisfaction with the teaching assistand P 1Equilibrium between practice contents and theory contents.

Globally speaking, students have a mature opinieferent to the subjects. The first cluster measures
“Profesionality/Expertise” of the teacher. The swt@ne measures “previous attitude of the studdmt&. third one
measures “the work of the teaching assistant”.

3.2.2  New findings using AQM

In the following section we present the resultaglying AQM methodology to the data set. The gotd determine the
relative importance of each explicative variablg, (P2, P4, P5, P6, P7, P11 y P12) to explain $m@oree variable “P3.
Satisfaction with teacher”. Variables related ted€hing assistant” (P8, P9, P10) have been eliedradtthe analysis.

Hierarchical cluster analysis

We have done a correlation analysis and a hier@athbiuster analysis by the weight variables.

Correlation analysis does not show important vallRsmember that correlation coefficient only detkoear
relationships between variables.

In the following figure we can see the dendrogramvieights variables for aggregated data:

W7
W_1z I L
W_z —
W&
W1
W11 _ —
WS
W_4

Figure 3.3 Dendrogram for weights variables

Dendrogram shows strong similarity between:
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e W7-W12
W7 The usefulness and interest of thadings and recommended bibliography
W12 Input level previous to the subject

We can say, that the cluster measures “Didactienads” (in reference to the level of student).

Factorial analysis for P's and W’s
We have done a factorial analysis for the exphleatvariables (P) and the weights variables (W). ligapve
variables (P) were scaled up to one.

Two factors have been detected, they explained3%©of the total variance. Factor 1 (factor scqrengéasures the
mean of the variables. Factor 2 (factor score @ddheory lessons versus practice lessons.
In the following figure we can see explicative ameights variables by factors variables:

factor score 2

factor score 1

Figure 3.4 Explicative and weights variables

Figure shows a big distance between W11, W4 andidxthe rest of the variables.

Factorial analysis for W's

We have done a factorial analysis for the weightsables (W).

Two factors have been detected, they explained38%lof total variability. Factor 1 (factor score 1Y measures
the mean of the variables. Factor 2 (factor scor@)Waces theory lessons versus practice lessdres.distance
between W4 and W11 and the rest of the weight bbasa Weight variables W7 and W12 are similar tcheather.

Factorial analysis for P’'s

16
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We have done a factorial analysis for the expheatiariables (P). Explicative variables (P) weralsd up to one.
Two factors have been detected, they explainedd3%2of total variability. Factor 1 (factor scorelPmeasures the
mean of the variables. Factor 2 (factor score RR@)s theory lessons versus practice lessons.

In the following figure we can see explicative adles by factors variables.

factor score P2

2 P6
P11
1 P2
P1
0 p3 P12
P8
P9
P4
p7
14
p107?
T T T T
2 1 0, 1

factor score P1

Figure 3.5 Scaled explicative variables

Figure 3.5 shows a big distance between P6, P1Parahd the rest of the variables. Variables P1Rshdre similar
to each other.

Weights variables (W'’s) versus Overall Quality (P3)

In the following figures we can see the relatiopdietween weights variables (W’s) and variable P3.

In the figures above we can conclude that “theesttglthat assign high importance then to soméaté&ithen assign
high qualifications”. In general, there is no answeith high weights (W’'s) and low overall quali{?3). The
opposite fraise in not true.

Results by subject types
In the figures 4.18, 4.19 and 4.20 we can seedbdts of weights in the complete data set, MAE s8R program
together by subject types 2, 1 and 0, respectively:
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Figure 3.7 Weights for aggregated data set, stibjpes 2

Weights present a big variability, ranging fromoOlt with Standard deviation equal to 0.228. Thetirariate analysis
has detected three clusters (Mardia 1979, Gord88)1Both programs show a dissimilar behaviour:

e Thefirst cluster is composed by MBA students.
* The second cluster is composed by low level vau@d (interest) MAE students.
e The third cluster is composed by high level vaineBl (interest) MAE students.

100 100 100

a0

)

100 100

a0

0s
w2

Figure 3.8 Weights for aggregated data set, stibjpes 1

Weights present a big variability, ranging fronoQltand standard deviation equal to 0.186. Theivatitite analysis has
detected two clusters, both programs show a silndhaviour:

e Thefirst cluster is composed by low level valueP1 (interest) students.
* The second cluster is composed by high level valuB4 (interest) students.
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Figure 3.9 Weights for aggregated data set, stibjpes O

Weights present a big variability, ranging fromoQltand standard deviation equal to 0.197. Theivatikite analysis has
detected two clusters, both programs show a sitmdhaviour:

e Thefirst cluster is composed by low level valueP1 (interest) students.
* The second cluster is composed by high level valuB4 (interest) students.

19



UNIVERSIDAD

Srame

S E V I L L A

4. Conclusions

AQM was applied to measure the quality of the etiloeat postgraduate department of a Public untyers

The data were obtained from surveys conducted frarMasters programs developed by the Departnfent o
Business Administration of a Spanish universitjolmation was gathered from questionnaires orhallsubjects taught
and all the teachers who taught the subjects. fBataa survey carried out from 2003 to 2008, thié ohanalysis was
students of two master programs of a business kchdotal of 5769 questionnaires were administeesd! the number
of valid questionnaires received was 4372. Thetoquewires considered valid were those in whichréspondent had
answered all of the questions of interest, yield@irfgll set of variables used in the subsequerlysisa

Data from survey have been classified by yeaosn(f2003 to 2008), terms (T1, T2 and T3) and tyjtgesti (2,
1 and 0; qualitative, quantitative and mixed subjespectively).
We have used those data to find the weights tlialests assign to every dimension of the “servigsults were
satisfactory; ALR is able to treat this kind ofalat
New relationships were discovered (for instance,aN@ W12). Also, relationships between W’s varialdad P3 were
discovered.

For example, in the following figure we can ses ttind of relationships:

P3
5

Quality

Importance w7

Figure 4.1 Relationship Importance - Quality

The knowledge of the relative importance that shelents give to the quality attributes that deiees the
global service quality is key for any process ofige quality improvement.
Several methods of measuring service quality haes lneveloped and discussed over the last few. Rewviewing the
service quality literature and the operational rdéfin of service quality based on the mean ofvlegghts have some
limitations.

First, we may have a good service quality on aesrdut a very bad service quality for some groofps
students. This may happen either in two ways:

» because some segments of the students have aiffergrd weighting function for the quality attrites, we

call this situation “implicated population”
» because they have a different evaluation of thibates, we call this situation “explicated popidat.
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These two situations must be identified becausecave provide a better service if we identify clostef
students with different values or opinions aboudlityt Then, it is more informative to measure ganquality in these
different populations.

It must be remembered that the mean is only a desdriptive measure when we have an homogenemysesa
and that it can be very non representative whedateecomes from a mixture of very different popaites.

The procedure presented in this work seems to usefal way to estimate the implicit weights usgdebch
student in his overall evaluation of service gyalit

Concluding Remarks

In this work we have discussed several technigoeméasuring the Quality of Service (QoS). We halge
presented a new methodology (AQM) for it based @mparametric statistics.

We have extended our efforts towards three direstio

¢ First, we have adapted a definition of dissimiléuzbtween data.

e Second, we have developed the necessary linediralfgg solving several numeric problems presernhén
real world.

« Third, we have calibrated and validated the method.

The method we propose have several general ademtag

« ltis simple: because it is based on a typicatimsent of measurement that the students are familib.

« ltis versatile: because it is useful for measufnality, Loyalty Student, Recovery Student, amothgers.

« Itis economic: because it can be applied for amglrer of attributes and/or sample size.

e It is transparent: because it is based on staistimdel and linear algebra and can be tested laecked
(validated) with the simulated data.

« ltis efficient: because it works well in all thensilated cases we have considered.

e Also, itis very easy for programming.

And, particularly, the methodology presented its thibrk has the following advantages:

» Knowledge of the attribute weights allows the oirtlpof the attributes according to their relatimgbrtance
to the student, showing the key factors for impngwjuality.

» Student weights can be related to student chaistiderto make market segmentation directly linked
quality objectives. The characteristics of the stid and the market segmentation of our servicebean
obtained by comparing their mean weights to thésleeostudents of other services.

» The relative strengths and weaknesses of the setgit be determined by comparing the mean valtigeof
attributes of the service to the values of othenganies (Benchmark process or SWOT analysis).

» Also, when the attributes of the service quality ba related to some objective measures of perfareydt is
possible to substitute the subjective evaluatidrbenattributes by objective measurements, allgwirsimple
monitoring of the quality index and of their compats by Control Charts. In this way, we can useynadn
the techniques developed for the control of prodgo@hufacturing to the improvement of service quadis
Statistical Process Control (SPC).

We have implemented and validated our methodologeveral simulated datasets with interesting tesitl
was very important for calibrating the linear algeland the different parameters of the methodoldgg. have
implemented our methodology to measure dates framreéal cases.
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5. Future Research

We have also identified several directions towdutisre work:

. Latent Variables:We will study the possibility to allow that studerit their evaluations of the overall
quality, may be taking into account some attributesconsidered in the model:

. Nonlinearity and Interaction: We will study models which are able to deal witmlm®arity and
interaction between attributéRavi, Warren and Jos, 2002)

«  Variability in the Distribution of the Attribute Gficients: In addition to estimating the mean of the
coefficients, we will also analyze the role of thaiability in the distribution of the index in the
student’s population.

. Bayesian ModelsWe will study Bayesian models:

. Parallel ComputationWe will study and will implement the quality mololparallel algorithm.

. Computational ImprovementWe will study the linear algebra requirement of tpgality model; in
particular, we will economize the resolution of tlrear equation system and/or the least squared
system.

. Long Term StudiesWe will study the application of time series in thelity mode:

A typical family of projects is characterized bgnb term duration, a succession of several planning
phases, a constant change of internal studerdast, lone in each phase

For this kind of family of projects we will rese&rthe adaptation of the methodology deployed ia thi
article.

«  Applications and Extensions of the Modé&Ne will research the possibility of measuring ihestfields
of the knowledge and with other variables.

We have developed a methodology for measuring tyusdirvice and we have presented its advantagsesvieral
examples and in a real case. This methodologyetulifor any number of attributes and for any samgike. We
will try to extend the methodology to other fielas:

. Marketing: loyalty (Caruana 2002), fidelity plassudent recovery (Olsen 2002),

. Human resources: labour clime,

. BSC: implementation of the Balanced Scorecard,

. ISO: implementation of quality systems under ISOB®(point 8.2.1),

. EFQM: deployment of EFQM model (key results criiepeople results, student results, society results
etc.).
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